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Abstract : Today, Deep Neural Networks (DNNs) have been widely used for various applications.
Because the DNNs require a large amount of computation, hardware accelerators are commonly
used to speed up the inference processing. In the systolic array architecture, a common
hardware structure for neural network accelerators, the type of dataflow defines how data is
stored in a processing element (PE) and exchanged among adjacent PEs. The computing
performance of the systolic array differs depending on the type of the dataflows. Therefore, data
flow analysis is crucial to maximize the inference performance. In this work, the computing
performance depending on the data flows is evaluated using an open—source systolic array
simulator called SCALE-Sim, Experimental results show that the inference latency differs up to
3.2 times depending on the type of the dataflow.

Keywords : Convolution neural network, Systolic array, Dataflow, Weight stationary, Output
stationary, Compute cycles, etc.
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Type Filter Shape Input Size

Convl 3x3x3x32 224 <224 <3
Conv2 dw 3x3x32 dw 112x112x32
Conv3 pw 1x1x32x64 112x112x32
Conv4 dw 3x3x64 dw 112x112x64
Convb pw 1x1x64x128 56 x56x64
Conv6b dw 3x3x128 dw 56 x56<128
Conv7 pw 1x1x128x128 56 x56<128
Conv8 dw 3x3x128 dw 56 x56x128
Conv9 pw 1x1x128x256 28 %28 <128
Conv10 dw 3x3x256 dw 28 %28 <256
Convll pw | 1x1x256x256 28 28 <256
Convl2 dw 3x3x256 dw 28 <28 <256
Convl3 pw | 1x1x256x512 14 <14 %256
Convl4 dw 3x3x512 dw 14 <14 <512
Convl5 pw 1x1x512x512 | 14x14x512
Convl6 dw 3x3x512 dw 14 <14 <512
Convl7 pw | 1x1x512x512 14x14x512
Conv18 dw 3x3x512 dw 14 <14 <512
Convl9 pw | 1x1x512x512 14x14x512
Conv20 dw 3x3x512 dw 14 <14 <512
Conv2l pw | 1x1x512x512 14><14x512
Conv22 dw 3x3x512 dw 14 <14 <512
Conv23 pw | 1x1x512x512 14><14x512
Conv24 dw 3x3x512 dw 14 <14 <512
Conv25 pw | 1x1x512x1024 7x7x512
Conv26 dw | 3x3x1024 dw 7x7x1024
Conv27 pw | 1x1x1024x1024 | 7x7x1024

"Depth-wise/Point-wise convolution (pw/dw)
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